The price of broiler chickens has fluctuations pattern or certain wave patterns. This study aims to predict broiler chicken price data that have to fluctuate and nonstationary using MODWT-ARMA models andARIMA models and also see the ability of MODWT-ARMA in increasing accuracy in predicting data. In this study, the data is separated using wavelet transforms namely MODWT into two-part is wavelet and smooth signal, then each signal is modeled using the ARMA model and the final of the process is to recombine all signals. The results show that the MODWT-ARMA model has a smaller RMSE and normalized error than the ARIMA which is 1175.97 and 0.68 for the MODWT-ARMA model while 2365.85 and 2.77 for the ARIMA model. The conclusion in this study, MODWT-ARMA can handle broiler chicken price data in Bogor better than the ARIMA model and can improve the accuracy of prediction results.
Introduction
Broiler chicken price data has a fluctuation or wave pattern (forming valleys and peaks) so that usually the plot formed by broiler chicken price data is not smooth. Although fluctuation or waves pattern in chicken prices is not too sharp, it can affect traders in the market. The price of broiler chickens that often experience fluctuations or certain waves and sometimes have an upward trend every day makes the price of chickens need to be observed every day. The analysis of time series data aims to obtain an appropriate model so that it can predict data for some time to come with the time series model formed is inseparable from the influence of previous times. One method that is often used to handle time-series data that has fluctuating patterns and non-stationary is the maximal overlap discrete wavelet transform autoregressive moving average (MODWT-ARMA) method.
MODWT-ARMA is a hybrid model of the MODWT model and the ARMA model that deals with non-stationary time-series data [5] . ARIMA method is a time-series data method that can handle data that is not stationary. Wavelet has the meaning of a small wave that can separate the signal into two components, namely the scale and detail, the purpose of which is to transform the signal so that it is easy to understand. In addition, wavelets are also able to represent functions that are not smooth or functions with surges or have high volatility [5] .
Materials
The data used in this study are secondary data from the Indonesian People's Poultry Association (PINSAR Indonesia). The data is the daily broiler chicken price data in Bogor in 2018. The amount of data is 365 data with the unit price used is Rupiah per kilogram. The price of chicken determined by PINSAR Indonesia is a price that is a benchmark for prices in regions throughout Indonesia.
3Method
Data analysis was performed using R 3.5.2 software with the following steps: 1. Dividing data into training data and test data. The amount of training data as much as 90% of the research data is 328 data with the data used is the first day data until the 328th day data while the amount of test data is 10% of the research data that is 37 data with the data used is the 329th day data until the day data to 365th. In this study, training data is used to build the model and test data is used to validate the model.
Exploring training data to see an overview of broiler chicken price data in Bogor 2018
with descriptive statistics 3. Modeling using MODWT-ARMA. The steps are as follows:
a. Calculating MODWT wavelet filters (h j,l ) and smooth filters (g j,l )using Daubechies 4 wavelet transforms with J = 4 with multi-resolution analysis techniques (MRA ). Next is sharing the filter with Daubechies 4 [17] Filter smooth:g j,0 = 
with is a smooth filter of DWT dan ℎ is a wavelet filter DWTof DWT [11] . While the wavelet filter of MODWT (h j,l ) using formulah j,l = h j,l 2 j/2 and smoothfilter (g j,l )using formulag j,l = g j,l 2 j/2 b. Calculating the MODWT wavelet coefficient (W j )using formulaW j =ω j Xand the smooth coefficient (V j )using formulaV j =v j X c. Determining the MODWT wavelet signal(D j,t ) using formula:
and smooth signal (S J,t ) using formula: 
with the best model obtained based on the smallest AICc value [3] . c) Bayesian Information Criterion (BIC) BIC=-2 ln L +k ln n (7) where n is the number of observations and k is the number of parameters. The best model is the model that has the smallest BIC value [8] . e. Entering the coefficient values φ and θ in S J,N using equation (4) and D j,N using equation ( 
t test t=1 (10) where n is the amount of data, t is the price of boiler chicken at time t, y t is the estimated data of boiler chicken price at time t and Q is normalized error.
Result and Discussion

Exploring Data
At this stage, data exploration was carried out to see the characteristics of broiler chicken price data in the Regency and City of Bogor in 2018, which were presented in Figure 1 . The figure showed that the data formed a fluctuating pattern Figure 1 showed that the price of boiler chicken in Bogor in 2018 had an extreme or outlier value. Outliers in time series data have a special way of detecting them. Figure 2 showed the ACF movement decreases slowly (tail of slowly). The ACF plot that gone down slowly showed that the data was non-stationary. Next was the Augmented Dickey-Fuller test (ADF) to see the stationary data with the null hypothesis in the form of data containing unitroots (non-stationary data) and alternative hypotheses of data not containing unit-roots (stationary data).
The results of the statistical data stationary test using the ADF test showed a Dickey-Fuller t-value of -3.25 with a p-value of 0.09. The p-value obtained from the ADF test was greater than 0.05 so it did not support rejecting Ho. That was, the data used in this study had unit-roots or non-stationary data. As with the results shown in the ACF plot ( Figure 2 ), the ADF test also showed the same conclusion that the data was not stationary. In general, timeseries data that was not stationary needs to be done differencing so that it became stationary.
After exploring the data, the next step was modeling the data using the MODWT-ARMA model. 
Modeling Using MODWT-ARMA
The next step is modeling the data using the MODWT-ARMA model. Modeling using MODWT-ARMA in this study can be done by decomposing the data into several signal levels using MODWT, modeling each signal of MODWT, modeling signals with selected model candidates using the ARMA model, and modeling using MODWT-ARMA by combining all signals that have been modeled.
Decomposing The Data Into Several Signal Levels Using MODWT
This study compares the Haar and Daubechies wavelets with multi-resolution filtering (MRA) filtering techniques. The reason for using the Haar wavelet was because the Haar wavelet was the oldest wavelet and used the simplest technique in data decomposition, while the using Daubechies because Daubechies was the wavelet type that provides the highest signal recognition level compared to Symlets and Coiflets [1] . Table 1 , the Daubechies 4 wavelet had a smaller RMSE and Q value than the Haar wavelet. So in this study, the data decomposition used Daubechies 4 wavelet with many levels is 4 (J = 4) used for broiler chicken price data in Bogor in 2018. The next stage, data was separated with Daubechies 4 wavelet (l = 1,2,3,4) where l was the filter length whose length matches the type of wavelet used. The results of the data decomposition obtained D j and S J signals. The D j signal was a detail/wavelet signal with j = 1, ..., J while S J was the smooth signal of Jth. Before the wavelet signal and smooth signal were obtained, the wavelet filter value (h j,l ) and smooth filter were calculated (g j,l ) as well as the wavelet coefficient and smooth coefficient first. The results of calculations using the wavelet function showed that at the first level the value of the first wavelet filter was -0.09, the second wavelet filter was -0.16, the third wavelet filter was 0.59, and the fourth wavelet filter was -0.34. Whereas at the same level, the first smooth filter was 0.34, the second smooth filter was 0.59, the third smooth filter was 0.16, and the fourth smooth filter was -0.09. Next, calculate the wavelet coefficient and smooth coefficient. Table 2 showed the wavelet coefficients at each level of decomposition. Wavelet coefficient symbolized by Wj with j is the number of levels used. Wavelet coefficient value was the result of subtracting the t-data from one time before (t-1) divided by the two roots so that the resulting values are negative. These results were different from the smooth coefficient. The smooth coefficient was derived from the sum of the t-data with a previous time (t-1) divided by the two roots so that the resulting value was the smoothing value of the actual data as could be seen in Table 3 .The smooth coefficient was symbolized by Vj. Table 4 showed that the data decomposition using Daubechies 4 wavelet with level 4 produced 5 signals, namely wavelet signal D1 is a wavelet signal at the first level, D2 is a wavelet signal at the second level, D3 is a wavelet signal at the third level and D4 is a wavelet signal at the fourth level, while S4 is smooth at level 4. After obtaining a wavelet and smooth signal, then signal stationary testing is carried out at each level that has been generated.
Stationary Test
Signal stationary testing at each level in this study was conducted in two ways, namely identifying the plot and analyzing it with the ADF test. ADF test to determine the stationarity of the signal. Table 5 showed the ADF test for smooth signals and wavelet signals at each level. The ADF statistical test results in Table 5 showed that all wavelet signals were stationary. It could be seen from the p-value was less than 0.05 on the first level of Wavelet signal, the second level of Wavelet signal, the third level of Wavelet signal, and the fourth level of Wavelet signal so it supports to reject Ho which mean that all wavelet signals had not unit-roots. It could be concluded that the wavelet signal produced was stationary.However, the smooth signal had a p-value greater than 0.05 which is 0.89 so it did not support rejection of H 0 . The decision to reject H 0 meant that the smooth signal had a root unit and it could be said that the smooth signal was not stationary. The signal could be modeled using ARIMA if it is stationary, therefore smooth signals needed to differencing until the signal became stationary and could be modeling.The statement needed to be proven by the ACF plot. Figure 3 showed the plot of the wavelet signal that is formed. At a glance, it could be seen that most of the signal plots form a constant pattern of mean and variance values. Figure 3 showed the plot of a wavelet signal having a constant mean, however, the plot of a smooth signal having a non-constant mean.
Modeling of MODWT signal using ARIMA
At this stage, modeling each wavelet signal at each level with the ARMA model. The steps to model a signal are the same as the steps to model an ARMA in general, first choosing the best model from the candidate model and then modeling the signal using ARMA.
First Level Wavelet Signal (D1)
Model candidates were obtained by looking at the ACF plot, PACF plot, and ESACF.Some model candidates showed that the best ARMA (p, q) model for the first level wavelet signal was ARMA (6, 2) . Modeling using ARMA (6, 2) 2. Second Level Wavelet Signal (D2) Some model candidates showed that the best ARMA (p, q) model for the second level wavelet signal is ARMA (5, 6) . Modeling using ARMA (5, 6) obtains an AR coefficient of Φ 1 of 0.97, Φ 2 of -1.11, Φ 3 of 0.79, Φ 4 of -0.72, and Φ 5 of 0.10 while the MA coefficient obtained a value of θ 1 of 2.46, θ 2 of 0.58, θ 3 of -2.74, θ 4 of -1.93, θ 5 of 0.36, θ 6 of 0.43, and mean 0.05.The estimation model obtained is formed on the second level wavelet signal with ARMA (5, 6) as follows: D 2,t =0.05+0.97 D 2,t-1 -1.11 D 2,t-2 +0.79 D 2,t-3 -0.72 D 2,t-4 +0.10 D 2,t-5 +ε 1,t -2.46 ε 1,t-1 -0.58 ε 1,t-2 +2.74 ε 1,t-3 +1.93 ε 1,t-4 -0.36 ε 1,t-5 -0.43 ε 1,t-6
3. Third Level Wavelet Signal (D3) Model candidates show that the best ARMA model (p, q) for the third level wavelet signal is ARMA (12, 0) . Modeling using ARMA (12, 0) 
Fourth Level Smooth Signal (S4)
Smooth signal had a form that is not stationary, so before it was modeled in the form of ARIMA it is necessary to do differencing before the signal becomes stationary. After being first differencing, the ADF test results obtained on the smooth signal is -8.82 with a p-value of 0.01. Based on the ADF test, it can be shown that the smooth signal becomes stationary after being first differencing. After the signal becomes stationary, the next ARIMA model is carried out with steps like the previous signals.
Some model candidates show that the best ARIMA model (p, d, q) for smooth signals was ARIMA (3, 1, 0). Modeling using ARIMA (3, 1, 0) obtained an autoregressive coefficient (AR) that is "Φ 1 of 2.84, Φ 2 of -2.72, and Φ 3 of 0.88. The estimation model that is formed from the coefficients "Φ" and θ for smooth signals is as follows: S 4,t =3.84S 4,t-1 -5.73 S 4,t-2 +3.60 S 4,t-3 -0.88S 4,t-4
MODWT-ARMA Model
The MODWT-ARMA model obtained by combining the alleged model of all signals, both wavelet and smooth signals using equation (8), is shown as follows:
where D 1,t is the estimated value of the first level wavelet signal at the t-time, D 2,t is the estimated value of the second level wavelet signal at the t-time, D 3,t is the estimated value of the third level wavelet signal at the t-time, D 4,t is the estimated value of the fourth level wavelet signal at the t-time, S 4,t is the estimated value of the fourth level smooth signal at the t-time. where ε 1,t is the estimated error of the first level wavelet signal at the t-time, and ε 2,t is the estimated error of the second level wavelet signal at the t-time.
Test of Goodness Fit of The Model
The criterion for model goodness is the measurement of a model that is suitable for data. A good model will affect the accuracy of data predictions. In this study, error assessment of data using the RMSE and normalized error values. The normalized error was symbolized by Q. The result of error assessment was as follows: The RMSE value and Q value in Table 6 showed that the MODWT-ARMA model had smaller Q and RMSE values than the ARIMA model. In training data, MODWT-ARMA had the values of Q and RMSE are 0.00 and 96.46 while the values of Q and RMSE of the ARIMA model were 0.09 and 731.99. In test data, MODWT-ARMA had the values of Q and RMSE are 0.68 and 1175.97 while the values of Q and RMSE of the ARIMA model were 2.77 and 2365.85. So based on testing the goodness of the criteria of models, it can be concluded that the modeling of daily broiler chicken data in Bogor in 2018 using MODWT-ARMA is better than the ARIMA model.
Increasing and decreasing chicken prices in an uncertain market make the chicken price data fluctuate so that sometimes has a trend. Moreover, increasing demand for chicken at a certain season like Idul Fitri and other big days makes the data shape have wave patterns that cause the data is not stationary. In this study, broiler chicken price data in Bogor in 2018 are better modeled using the MODWT-ARMA model than the ARIMA model. Data modeling using MODWT-ARMA has a smaller error value compared to using ARIMA.
The conclusion that can be obtained in this study is the modeling of data using the MODWT-ARMA model both for use in time-series data that has fluctuations and not stationary and modeling using the MODWT-ARMA model can also improve the accuracy of predictions of data compared to using the ARIMA model in the case study of broiler chicken price data in Bogor in 2018.
